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performance simulation tools are employed and as a consequence, optimization methods have just 
started being used, mainly as a decision aid. There are examples, amongst the architectural community, 
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1. Introduction begin to be used in the architectural design process. There are many 


reasons for this delay, starting from the difficulty of using these 


Building performance simulation tools have been widely used by tools, the acquisition of necessary skills, their associated costs, the 
the research community, but only during the last decade, did they uncertainty in the results and the general impression that the 


designer is restricted by the limitations of the tools. 
Nowadays, a large number of simulation tools do exist with 
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of decision parameters, can explore new designs which were not 
accessible through the traditional approach. For example, current 
legislative changes in Europe have led to the revision of national 
building energy codes in order to include a more advanced 
computational approach. Therefore, in most cases, compliance 
with codes is the driving force behind their use, this fact does 
not guarantee the optimization of building energy consumption. 
Thus far, studies concerning the impact of various parameters on 
building design have relied on parametric analyses which in turn 
were based on detailed building simulations. The latter are 
computationally expensive and using a brute force technique to 
evaluate all possible solutions is not a viable process. It was the 
need, therefore, to explore the solution space more efficiently and 
fast that gave rise to the adoption of optimization techniques. It 
has to be mentioned that the transfer of a real world design 
problem into the mathematical domain has limitations and that 
the commonly used optimization algorithms applied to building 
design problems cannot ensure that the optimal solution will be 
found. Nevertheless, better building performance may be obtained 
compared to common practice where no optimization is used. 
Therefore, the understanding of optimization method's strengths 
and weaknesses is crucial in order for them to be used effectively 
in related design problems. 

Optimization is the procedure of finding the minimum or 
maximum value of a function by choosing a number of variables 
subject to a number of constraints. The optimization function is 
called cost or fitness or objective function and is usually calculated 
using simulation tools. Because of code features, the results may 
be non-linear and have discontinuities, making necessary the use 
of special optimization methods that don't require the computa- 
tion of the derivatives of the function. Optimization methods can 
be applied to a number of different building design problems such 
as massing, orientation, façade design, thermal comfort, daylight- 
ing, life cycle analysis, structural design analysis, energy and of 
course cost. The structural design (i.e. selection of beam/columns 
cross section) and building controls (operation/scheduling) opti- 
mization are not part of the present review. However, in some of 
the reviewed cases optimization of both building design and 
setpoint scheduling or more advanced multi-disciplinary optimi- 
zation was applied. 

The review is separated into four major sections exploring 
different viewpoints of the subject. The first section deals with the 
optimization algorithms which have been utilized in building design 
problems. The next one presents the optimization tools and some of 
their characteristics. The third section lays out three building 
performance evaluation methods that affect the optimization 
approach differently and discusses the strengths and weaknesses 
of each method. The forth section reviews the optimization targets 
exploring the objective functions and the design variables com- 
monly used for building design problems. Finally, future perspec- 
tives on the use of building design optimization are presented. 


2. Optimization algorithms 


Generally, an optimization problem can be represented in 
mathematical form as: 


rife 

where x e X is the vector of the design variables, f : X >R is the 

cost or the objective function, and X c R” is the constrain set. 
When there is more than one objective function for optimization 

then a multi-criteria or a multi-objective optimization problem arises. 

This is common in building design problems and these functions are 


often contradictory. Typically, there are two popular approaches for 
multi-objective optimization problems. The first one uses a weighted 


sum function where each of the objectives is normalized and summed 
up with their associated weight factors to get only one cost function. 
Typical optimization algorithms can be used to solve it but the 
information on how the different sub-objectives interfere with each 
other cannot be extracted. Testing different weight factors causes an 
increase in the number of optimization problems, which in turn, 
demands longer processing times. 

The other popular approach for multi-objective optimization 
is proposed by Pareto [1]. A solution is Pareto optimal or non- 
dominated when there isn't any other feasible solution that 
improves one objective without deteriorating at least another 
one. The multi-objective algorithms result in a set of non- 
dominated solutions which is called Pareto frontier. When the 
problem consists of two objectives, the Pareto frontier can be 
represented as a curve. Fig. 1 presents a typical example of Pareto 
frontier for a minimization problem with two objectives. 

The above mentioned multi-objective approaches have both 
advantages and disadvantages. As Cao et al. [2] indicate, the 
algorithms that provide Pareto solutions focus on exploiting the 
diversity of the solutions, but often present issues of inadequate 
efficiency and effectiveness. The weighted sum methods are more 
efficient and easier to implement, but require prior knowledge and 
they don't provide information on the compromise between the 
objectives. 

The selection of the optimization algorithm depends on the 
problem that needs to be solved. There are some situations where 
an analytical solution of the objective function can be obtained, 
as Adamski [3] and Marks [4] proposed. They mathematically 
describe the shape of a building and solve it with numerical 
methods, finding the true optimal. When the solution space is 
relatively small and the calculation of the objective function is fast, 
the entire space can be searched to find the true optimal. Such 
examples are presented by D'Cruz and Radford [5] who used a 
simple building model and Pareto optimal Dynamic Programming 
to optimize thermal load, daylight, planning efficiency and capital 
cost. Jedrzejuk and Marks in [6,7] described the building design 
problem mathematically and solved it numerically, by applying the 
CAMOS computer system. Castro-Lacouture et al. [8] used a mixed 
integer optimization model to select materials that maximize 
green building LEED credits. Michalek et al. [9] used CFSQP, a C 
implementation of Feasible Sequential Quadratic Programming to 
solve their building geometric layout problem. Chakrabarty [10] 
used non-linear programming in his proposed HudCAD tool for 
optimization of housing and urban development projects. Petersen 
and Svendsen [11] presented a simplified economic optimization 
method from an early stage near-optimum economic design. 
Stavrakakis et al. [12] used sequential quadratic programming 
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Fig. 1. An example of Pareto frontier. 
Source: Prototype. 
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(SQP) to solve their building design problem with the help of 
artificial neural network meta-model. 

Explaining the details of each optimization algorithm operation 
is outside the scope of the present work. This review focuses on 
optimization problems where the objective function or parts of it, 
is evaluated using whole building performance simulation pro- 
grams, typically on an annual basis. Simulated phenomena in 
building design can be non-linear and require efficient optimiza- 
tion algorithms which don't compute or approximate derivatives. 
Such “derivative-free” algorithms are the deterministic direct 
search and the probabilistic evolutionary one. 


2.1. Evolutionary algorithms 


A popular evolutionary algorithm is the genetic algorithm [13] 
that uses the principle of natural selection to evolve a set of 
solutions towards an optimum solution. Genetic algorithms (GA) 
are population-based algorithms and they can efficiently handle 
non-linear problems with discontinuities and many local minima. 
These are widely used in the field of building optimization. Wright 
and Farmani [14] used GA for simultaneous optimization of the 
fabric construction, HVAC system size and the control strategy. Coley 
and Schukat [15] used GA to minimize annual energy use while 
Znouda et al. [16] optimize the design of Mediterranean buildings. 
Oliveira Pando et al. [17] used GA for the optimization of the urban 
building efficiency potential and Rakha and Nassar [18] to optimize 
the ceiling form to achieve predefined daylight uniformity. Pernodet 
et al. [19] used GA for multi-criteria optimization of building 
refurbishment. Yi and Malkawi [20] used GA to optimize the form 
of the building. Charron and Athienitis [21] presented a GA based 
optimization tool for Net-Zero Energy Solar Home Design while 
Tuhus-Dubrow and Krarti [22] built a similar tool for the building 
envelope design of residential buildings. Turrin et al. [23] presented 
the ParaGen tool which combines GA with parametric modeling to 
support the exploration of design alternatives. 

There have been many developed variations of the GA to be 
adapted for specific problems. Magnier and Haghghat [24] used one 
of the most popular multi-objective algorithms, the Non- 
dominated-and-crowding Sorting Genetic Algorithm II (NSGA-II) 
developed by Deb [25], for optimization of building design. Chan- 
trelle et al. [26] developed a NSGA-II based tool for multi-criteria 
optimization of building renovation. Evins et al. [27] proposed the 
NSGA-II for their building optimization problem. Palonen et al. [28] 
used the NSGA-II and the Omni-optimizer for simulation-based 
optimization problems and a hybrid version of this algorithm with 
Hooke-Jeeves which will be described in the following paragraphs. 
Different types of multi-objective genetic algorithms are used in 
{29,30-33], for their building design problems. Caldas and Norford 
[34] used a micro-GA procedure to build a design optimization tool 
and in [35] use a micro-GA and Pareto GA based generative design 
system (GENE-ARCH). Cao et al. [2] presented a boundary-based fast 
genetic algorithm for sustainable land use optimization. Lee [36] 
proposed a design optimization tool based on CFD simulations and a 
multi-island genetic algorithm. 

Some other evolutionary algorithms which are generally popular 
but rarely found in papers focusing on the optimization of building 
design, are the particle swarm optimization (PSO), the simulated 
annealing (SA) and the ant colony optimization. The PSO algorithm 
is the most common of the three and has been implemented in 
GenOpt [37] which is a generic optimization program with ready- 
made routines offering coupling with thermal simulation software. 
Rapone and Saro [38] used PSO to optimize curtain wall façades of 
office buildings. Hasan et al. [39] presented a hybrid PSO with the 
Hooke-Jeeves algorithm for the minimization of the life cycle cost of 
a detached house. Michalek et al. [9] use GA and SA to search for 
global solutions for their architectural layout design optimization 


problem. Fesanghary et al. [40] built a multi-objective optimization 
model based on harmony search algorithm (HS) for the minimiza- 
tion of the life cycle cost (LCC) and the carbon dioxide equivalent 
(CO2-eq) emissions of the buildings. 


2.2. Other derivative-free search methods 


A well-known derivative-free optimization algorithm family is 
the direct search methods. These algorithms use heuristic rules to 
search through the solution space and require that the objective 
function be continuous without estimating derivatives. They are 
not as effective as derivative-based methods, but as Torczon [41] 
indicated they are usually more robust for noisy functions, when 
analytic derivatives are unavailable, or finite difference approx- 
imations to the gradient are unreliable. 

Peippo et al. in [42] used the Hooke and Jeeves pattern search 
method which is characterized by a series of exploratory moves 
that traces the behavior of the objective function at a pattern of 
points [43,44]. Eisenhower in [45] used the derivative-free method 
(NOMAD) which contains the mesh adaptive direct search (MADS) 
algorithm. This is a direct search algorithm with rigorous conver- 
gence properties, but it works on a surrogate meta-model after 
identifying and correcting the discontinuities of the simulation- 
based model. 

Bouchlaghem in [46,47] used the simplex method of Nelder and 
Mead [48] and the non random complex method of Mitchell and 
Kaplan [49] to optimize building thermal performance. The Nelder- 
Mead simplex algorithm is very popular within the research com- 
munity but as Lewis et al. indicate, there is a question regarding its 
robustness. This method can work very efficiently, often finding a 
solution in far fewer evaluations of the objective function than other 
direct search methods, but it can also fail [43]. Such an example is 
presented in [50]. 

A not so common method can be found in [51], where Gong et 
al. proposed a new approach for building design optimization; to 
evaluate the significance of seven parameters and their interac- 
tions using an orthogonal array method. After that, the listing 
method was used to estimate one parameter at a time, while 
keeping the other parameters fixed at the standard value. Saporito 
et al. in [52] used the lattice method for global optimization 
(LMGO) to reduce the number of simulation tests and to identify 
the relative importance of various energy saving features. 

An interesting optimization method is the sequential search 
which has been implemented in BEopt [53]. This program is capable 
of evaluating building designs along the path to zero net energy, 
using a method that identifies intermediate optimal points and 
allows the use of discrete building options. The additional benefit of 
this search strategy is the identification of near-optimal alternative 
designs [54]. In [55], [54,56] the sequential search method was used 
to optimize the energy efficiency in residential buildings while Ellis 
et al. [57] using this method, built an automated multivariate 
optimization tool for “in-house” research use. 


2.3. Hybrid algorithms 


Another popular approach within the optimization community 
is to use more than one optimization algorithms in a hybrid 
operation. The typical procedure is to use a global search algo- 
rithm to find a near optimal solution and then use the result as 
a starting point for a local optimizer. A good example of this 
operation has been implemented in GenOpt [37] where a Particle 
Swarm Optimization starts global searching for an optimal point. 
When PSO finishes the Hooke-Jeeves method continues searching 
in order to refine the result. Hasan et al. [39] work using this 
hybrid PSO+Hooke-Jeeves algorithm for the minimization of the 
life cycle cost of a detached house has already being mentioned. 
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Juan et al. [58] used a hybrid approach that combines A’ graph 
search algorithm with genetic algorithms (GA) to analyze all 
possible renovation actions and their trade-offs in order to develop 
an optimal solution. Kampf and Robinson [59] proposed the hybrid 
covariance matrix adaptation evolution strategy (CMA-ES) with 
the hybrid differential evolution (HDE) to optimize solar energy 
utilization through building form. 

An interesting hybrid algorithm operation was proposed by 
Hamdy et al. in [60]. Their proposal was to run a deterministic 
algorithm before (PR_GA) or after (GA_RF) a multi-objective 
genetic algorithm. This can prepare the initial population for the 
GA (PR_GA) or refine the GA results (GA_RF). PR_GA combination 
is suggested in order to reduce the random behavior of GA and as a 
result, to obtain good solutions with a lower number of evalua- 
tions. GA_LRF combination is suggested when high quality results 
are required, offering a well-defined criterion for terminating the 
process. Hamdy et al. in [61] combined the two methods to form a 
PR-GA-RF approach in an effort to use the advantages of both 
methods. 


2.4. Performance of the optimization methods 


The performance of the algorithm depends on the type of 
problem being used and its mathematical description. This is 
the reason why so many methods are still in use. Optimization 
methods coupled with whole-building simulation programs need 
a lot of processing resources. The computation time required by an 
annual building simulation depends on many parameters and can 
last from just a few seconds to several hours or even more. An 
optimization analysis requires from a small number to several 
thousand evaluations just to get a near-optimal solution, resulting 
in processing times varying from some minutes to hours or even 
days. Selecting the appropriate approach and applying specific 
techniques can significantly decrease the simulation runtime. 
These techniques together with the performance of the optimiza- 
tion algorithms are discussed in the following paragraph. 

Tuhus-Dubrow and Krarti in [22] verified the results of a GA 
against the PSO and the sequential search method. The verification 
analysis has indicated that the GA was more efficient than the 
sequential search and the PSO approaches in cases where more than 
ten parameters were employed in the optimization. In more details, 
it was found that the GA approach can locate the optimal solution 
with an accuracy of 0.5%, demanding less than 50% of the iterations 
required by PSO and sequential search methods. Bichiou and Krarti 
in [62], presented an optimization study for residential buildings, 
comparing the robustness and the effectiveness of the same three 
algorithms. The computational efforts for the sequential search 
technique were, in general, significantly higher than both the PSO 
and the GA. The savings in computational time when using GA (the 
algorithm with the best performance at their tests) were compared 
to that of the SS technique and were as high as 70% for a full 
optimization when both the building envelope and HVAC system 
features were used. In the same paper, a sequential optimization 
approach was tested as well, starting with the building envelope 
features and continuing with the HVAC system options. The results 
showed a reduction in CPU time from 33% to 95% in comparison to 
the full optimization. In general, full optimization provides slightly 
more accurate results but these are associated with increased 
computational effort. Lee in [36] used a two-step process to lower 
the optimization calculation load. A simple analysis using a coarse 
mesh was carried out at the beginning to reduce the load and then, a 
detailed CFD analysis using a fine mesh was applied on the cases 
ranked top during the first step. 

Kampf et al. in [63] compared the performance of two hybrid 
metaheuristic optimization algorithms, by minimizing standard 
benchmark functions and real-world building energy. The chosen 


metaheuristics were the Covariance Matrix Adaptation Evolution 
Strategy together with the Hybrid Differential Evolution (CMA-ES/ 
HDE) and the hybrid Particle Swarm Optimization with the Hooke- 
Jeeves (PSO/HJ). Kampf indicated that CMA-ES/HDE performs best on 
highly multi-modal functions such as Ackley and Rastrigin, because 
the algorithm was especially designed for this kind of functions. PSO/ 
HJ frequently converges to the global minimum for functions with 
one or two minima such as Rosenbrock or Sphere. These algorithms 
were compared for a large and a small office at different climates, as 
well. The performance for the small office was quite similar for both 
algorithms. The PSO/HJ provided slightly significant better results 
only for one climate. A similar performance was obtained for the 
large office too, but the resultant parameter sets were different, 
indicating that the objective function was multi-modal or locally flat. 
As no algorithm was significantly favored over the other, it seems 
that the test building optimization problem was neither multi-modal 
nor had it one or two minima. As the nature of the objective function 
can't be determined a priori, Kampf suggests using the hybrid CMA- 
ES/HDE algorithm. 

Another comparative study of optimization algorithms for 
building design problems has been carried out By Wetter and 
Wright [50]. The algorithms were PSO, GA, Coordinate Search, 
Hooke-Jeeves, Nelder-Mead, Discrete Armijo gradient and a 
hybrid version of PSO and Hooke-Jeeves (and some variations e. 
g. PSO on a mesh). The Nelder-Mead and the Discrete Armijo 
gradient algorithms didn't perform well in their tests and it was 
recommended that these algorithms shouldn't be used for pro- 
blems solved by EnergyPlus. The GA got close to a solution with a 
low number of simulation runs. The hybrid PSO+Hooke-Jeeves 
achieved the biggest cost reduction but required more simulation 
runs. The PSO global searches for a near optimal solution and then 
Hooke-Jeeves refine the search locally. If the discontinuities in the 
cost function are small, Hooke-Jeeves achieves a good perfor- 
mance with only a few iterations. In the same paper, disconti- 
nuities in the cost function in the order of 2% were also observed. 
As indicated, these discontinuities can cause optimization algo- 
rithms which require smoothness of the cost function to fail. A 
solution for the above mentioned problem is provided by Wetter 
in [64,65] where a new building energy and daylighting simulation 
program (BuildOpt) is presented, built on smooth models. Wetter 
and Polak in [66,67] used that program with a precision control 
algorithm, applying coarse precision approximations to the objec- 
tive function when far from a solution, but progressively increas- 
ing it as a solution was approached. During their building design 
optimization experiments, their precision control scheme proved 
very efficient as it managed to reduce the computation time by 
four, in comparison to the standard Hooke-Jeeves algorithm. 

Wright and Alajmi in [68] reached an interesting conclusion. The 
GA was insensitive to the selection of the control parameters since 
the mean difference in objective function values was statistically 
insignificant for their test problems. 

Several techniques targeting the reduction of computational 
efforts were found during the literature review. A good approach, 
when aiming at simplifying problems with a large search space size, 
is to perform sensitivity and uncertainty analysis before the actual 
optimization search. As Eisenhower et al. [69] indicated the uncer- 
tainty analysis can identify how parameter variation influences the 
statistics of key output, while sensitivity analysis can spot the 
parameters that influence output variation the most. Heiselberg et 
al. [70] presented a methodology of sensitivity analysis using an 
office building as an example. Mechri et al. in [71] presented the 
analysis of variance (ANOVA) approach that can be used to identify 
the design variables which have the greatest impact on an office 
building energy performance. Eisenhower et al. in [45] proposed an 
approach that uses uncertainty and sensitivity analysis to identify 
critical parameters that are most effective for optimization. Large 
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discontinuities in the cost function were identified using a filtering 
method and reduced order meta-models were created in partitioned 
subsets of the global feasible set, separated by these discontinuities. 
A direct search algorithm (NOMAD) is then used on each meta- 
model while an uncertainty-weighted cost function was employed to 
obtain the best optimized solution for each feasible subset. In [69], a 
similar approach was used and a methodology for meta-model based 
optimization was presented. Having used an analytic meta-model of 
the building, the researchers were able to apply a gradient-based 
optimizer IPOPT (Primal-Dual Interior Point algorithm with a filter 
line-search method for nonlinear programming) which outperforms 
the direct search method applied to the meta-model. 

Choudhary et al. in [72] proposed a different approach. The 
analytical target cascading (ATC), a multi-level engineering design 
optimization framework, was developed and its use was extended 
to thermal and HVAC design in buildings. ATC is a multidisciplin- 
ary hierarchical optimization methodology that provides a sys- 
tematic process for propagating desired top-down performance 
targets in an effort to acquire lower level performance values. 

In general, direct search methods are very powerful at improving 
good solutions as long as they have mechanisms to overcome small 
discontinuities of the cost function and small local optima. It should 
be pointed out that the performance of the algorithms is depended 
on the simulation program as well. Some simulation programs are 
built to ensure smoothness of the cost function, thus a large number 
of algorithms can be used with better performance. 

Evolutionary algorithms are population-based algorithms and 
mostly used for global searching. Starting with an initial random 
population and applying stochastic operators cannot ensure a 
better solution than what is suggested by common practice. This 
can be avoided by adding user-defined cases in the initial popula- 
tion. Local optimizers are very powerful but they usually can't 
handle discrete variables and they require either an experienced 
building designer to suggest good solutions as starting points or to 
run a global search beforehand. Algorithms with better perfor- 
mance are usually designed in such a way as to solve a specific 
kind of problem but they may fail for other problems. As it will be 
presented, the best tools and algorithms for the building design 
problem are the ones that enable researchers to use their expert 
knowledge in order to minimize the size of the solution space or 
drive the search to the right direction. 

It should be pointed out that the commonly used optimization 
algorithms for the building design problem cannot ensure finding 
the optimal solution. The stochastic behavior of evolutionary 
algorithms, the plethora of configuration options and the diversity 
of building design problems cannot allow safe conclusions about 
the performance of these algorithms. As the number of papers 
regarding optimization of building design increases, some optimi- 
zation targets become typical and more comparisons of algorithms 
and simulation programs are anticipated. 


3. Optimization tools 


The tools used for the optimization of building design can be 
separated into three categories: 


© Custom programmed algorithms. 
© General optimization packages. 
© Special optimization tools for building design. 


Custom programmed algorithms require advanced programming 
skills and their main benefit is their flexibility. Examples using this 
approach can be found in [3,5,21,40,47]. Unfortunately, detailed 
reporting on their optimization implementation is not available, so 
safe conclusions regarding their features cannot be reached. 


General optimization packages encountered during this review 
were the modeFRONTIER [73] which was used in [33,74] and the 
Matlab which is frequently used for the optimization of building 
controls. Matlab has also been used in many cases of building 
design optimization, such as in [20,22,60,61,75,76,77]. These 
packages have a graphical user interface and among others include 
many effective optimization algorithms and post processing cap- 
abilities. As Hamdy et al. indicated in [60], the use of Matlab gives 
the designer an opportunity to take advantage of its additional 
features such as the excel link, the use of databases, data analysis, 
plotting functions, curve fitting functions, graphical user interface 
etc. Custom features can be integrated by the user as well. 

In the same category a quite commonly used optimization tool is 
GenOpt [37]. GenOpt is a generic optimization program for the 
minimization of cost function that is evaluated by an external 
simulation program. It was used in many optimization studies such 
as in [24,28,38,39,50,63,75,78,79] and can be coupled with any 
simulation program that reads its input from text files and writes 
its output to text files as well. It currently includes examples for 
EnergyPlus, TRNSYS, Dymola, IDA-ICE and DOE-2 and Radiance [80]. 
Genopt currently provides the Golden Section and Fibonacci algo- 
rithms for one-dimensional minimization, the Nelder and Mead's 
Simplex algorithm, the Discrete Armijo Gradient algorithm, the 
Hooke-Jeeves and the Coordinate Search which are pattern search 
algorithms, the particle swarm optimization (PSO), and a hybrid PSO 
with the Hooke-Jeeves algorithm. The source code of the program is 
provided (in JAVA) and it's possible to add more optimization 
algorithms to its library. The authors have already implemented a 
simple genetic algorithm, a multi-objective GA (NSGA-II), a synchro- 
nous parallel pattern search algorithm and a hybrid version [81,82]. 
GenOpt provides a parallel processing capability, filtering of already 
evaluated functions, a mesh generator and a parametric search. 

There are several optimization tools under the third category 
coupled with building performance software. Charron and Athie- 
nitis in [21] proposed an early stage design tool based on a GA 
with TRNSYS. Tuhus-Dubrow and Krarti in [22] presented a tool 
which couples the GA of Matlab to DOE-2 simulation program. 
Chantrelle et al. in [26] present MultiOpt: a multicriteria tool for 
building renovation optimization. MultiOpt has a graphical user 
interface and it uses the NSGA-II coupled to TRNSYS together with 
financial and environmental databases. Caldas and Norford, in 
[34], proposed a GA with DOE-2 tool aimed for intermediate to late 
stages of design. Caldas in [35] applied GENE_ARCH in several test 
cases. GENE_ARCH is a micro-GA and Pareto GA based generative 
design system which uses DOE-2 as the building simulation 
engine. Lee in [36] has proposed a tool based on CFD simulations 
and a multi-island GA. An interesting approach which can be used 
for multi-disciplinary optimization design was developed by 
Turrin et al. [23], called ParaGen. ParaGen combines parametric 
modeling, performance simulation software and a GA to explore 
design alternatives. The example applications of this tool include 
both structural and energy performance design of a long span roof 
using the same design framework but with different performance 
evaluation software. The examined literature refers to the imple- 
mentation description of the above mentioned tools, but details of 
specific features and their performance cannot be obtained. The 
majority of the tools in this third category use a GA implementa- 
tion coupled to a whole building simulation program. 

Griego et al. [55] used the BEopt software for the optimization 
of residential buildings in Salamanca and Anderson et al. [54] used 
it to explore the design of new homes with zero peak cooling 
demand. BEopt's graphical interface permits the selection of 
predefined options in various categories [83]. It currently uses 
DOE2.2 or EnergyPlus as simulation engine and the sequential 
search method as the optimization algorithm. This tool can utilize 
the multithreading capabilities of modern computers and it seems 
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to be one of the easiest to use for practicing design teams. It has an 
easy to use graphical user interface and support is provided 
through an abundance of training videos. An important feature 
of this tool when using the sequential search optimization tech- 
nique is the ability to identify multiple near-optimal designs. 

There are also some commercial products that recently pre- 
sented optimizers for their building simulation suites. Such solu- 
tions are from JES [84] and DesignBuilder [85]. Unfortunately, 
no implementation details and worked examples in literature are 
available, but both seem promising and probably make use of 
multi-objective optimization algorithms. 

The evaluation of the cost function by a whole building 
simulation program requires much more processing time than 
that required to determine the values for the next iterate. Thus, the 
essential characteristics of an optimization tool for every-day use 
in a practicing design team are: 


© Satisfactory performance. 

© Provision of graphical user interface. 

è Ability to estimate multiple 
performance. 

è Parallel processing ability. 

© Hybrid operation. 


solutions with similar 


The last section of the present paper refers to the future 
perspectives of the optimization tools in more details. 


4. Building performance evaluation 


Building performance evaluation can be achieved using three 
types of models: 


© Simplified analytical models. 
è Building performance surrogate models. 
è Detailed building models. 


Each of the above-mentioned types is approached differently in 
the literature. Although, this review focuses on the last one, since 
it represents the state of the art for both the design and the 
research community, the other two are mentioned as well for 
completeness of this work. 


4.1. Simplified analytical models 


Building performance analytical models can be applied only 
to simple problems. Describing the problem mathematically is 
neither an easy task, nor is it practical for design teams, but it's 
used within the research community when the focus is on solving 
a specific problem. Such an approach offers the benefit of finding 
the true optimal more easily, by using specific optimization 
algorithms or brute force techniques to search the entire solution 
space. This kind of work is found in [3-5,8,9] which have already 
been mentioned in the optimization algorithms section. The true 
benefit of these models is that results can be extracted almost 
instantly and be used as inputs to a more detailed analysis. 

The creation of specific models for a problem is more common 
when optimizing the building controls operation. Building analytical 
models is an advanced issue and it's outside the scope of this paper. 
Several optimization procedures may be used depending on the 
problem, but usually it's feasible to search all possible solutions. 
Some models can describe the building physic's associated phenom- 
ena well enough and extract the optimal solutions. These results 
may be used as they are, or can be included as candidates for further 
analysis during the optimization of a detailed building model. 


4.2. Building performance surrogate models 


Surrogate models or meta-models are statistical models that are 
built to approximate computationally expensive simulation codes 
[86]. The models created through a machine learning approach, are 
considered as surrogate models. Although, these kinds of models are 
common in control research, some examples can be found in the 
building design optimization literature as well. In general, a proce- 
dure using a surrogate model has 3 steps: 

è Building a detailed such as a 
thermal model. 

è Running that model for many different cases to generate a 
database of results. 

© Using the results statistically to train and test the meta-model. 


simulation model e.g. 


There are many specific approaches to machine learning like 
artificial neural networks (ANN), genetic programming, Bayesian 
networks, support vector machines (SVM) etc. These models can 
provide a good approximation of the nonlinear building behavior, 
offering fast cost function evaluations and ability to explore a large 
search space. 

There are several studies using such models. Magnier and 
Haghighat in [24] used a simulation-based artificial neural net- 
work (ANN) to characterize building behavior, and then combined 
this ANN with the multi-objective NSGA-II to optimize building 
design. The building thermal simulation program TRNSYS was 
used to create a database of cases for training and validation of the 
ANN. Stavrakakis et al. in [12] use CFD modeling to train an 
artificial neural network meta-model and optimize window design 
by sequential quadratic programming. Wong et al. [87] used 
EnergyPlus to train ANN for energy analysis of office buildings 
with daylighting while Zemella et al. [88] an ANN based optimizer, 
the Evolutionary Neural Network Design (ENN-Design), to opti- 
mize building facades. Eisenhower et al. in both [45] and [69] 
adopted a support vector regression (SVR) machine learning 
approach to generate a meta-model which was used for their 
optimization studies. The SVR approach is similar to the learning 
procedure in ANN, but it has only one global solution while in 
ANN, many local optimal solutions may exist [45]. 

Optimization studies making use of a surrogate model require 
statistical results to train the model. In turn, the derivation of these 
results requires a detailed building simulation model to run for 
repeated evaluations until the desired model accuracy has been 
achieved. The number of evaluations is probably bigger than or the 
same as the number needed when an optimization algorithm is 
been coupled to a building simulation engine. Expert knowledge on 
how artificial intelligence works is essential as well. These are the 
main reasons why this approach is not common in building design 
problems and has a long way to go before it starts being used by 
practicing professionals. However, the production of surrogate 
models helps in solving many building control problems, because 
an immediate result is expected. In addition, this approach is useful 
in solving demanding building design problems, with numerous 
design variables, many local minima and a huge search space. 


4.3. Detailed building simulation models 


There are many simulation programs that perform building 
performance calculations. In the literature, TRNSYS [89], IDA-ICE 
[90,91], DOE2, EnergyPlus [92], APACHE, Ecotect, Radiance [93], and 
CFD tools are noted among others as the ones mostly used. According 
to Wetter and Wright [50], this kind of simulation programs usually 
contain code features that may cause discontinuities in the cost 
function. Thus, any optimization algorithm that requires cost function 
smoothness might fail. A building simulation tool worth mentioning 
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is BuildOpt. BuildOpt is a building energy simulation program that is 
built on smooth models [64] and it has been used by Wetter and 
Polak [66] for building design optimization. Wetter in [64] has 
mentioned that the IDA-ICE program generates a differential alge- 
braic equations (DAE) system, which it solves simultaneously. This 
approach might be promising for usage with direct search methods. 
This review has come across building design optimizations using 
IDA-ICE in [39,60,61,78] but no comparative study of optimization 
algorithms is mentioned. 

A similar to BuildOpt model, capable to compute differentiable 
objective functions is included in the Modelica “Buildings” library 
and is described in [94-96]. An interesting tool that enables 
coupling Modelica with other tools like Matlab is the building 
controls virtual test bed (BCVTB) [97]. The BCVTB is a free software 
environment that allows expert users to combine different simu- 
lation programs for distributed simulation. It allows the simulation 
of a building in Energyplus while the control strategy may use 
Matlab/Simulink environment. These programs can exchange data 
during the simulation. BCVTB is currently linked to EnergyPlus, 
ESP-r, Radiance, Matlab and Modelica and has been mainly used in 
optimization studies of building controls. 

The above mentioned tools are able to simulate almost all building 
physics phenomena and processes. The required input data are 
usually climatic data, building geometry, materials, occupancy and 
several other schedules and of course HVAC description and opera- 
tion. Their output usually includes energy consumption, thermal and 
visual comfort metrics, daylight utilization and environmental infor- 
mation like the equivalent CO emissions. Whole building perfor- 
mance simulation tools are considered very mature while standards 
have been developed [98] in an effort to develop a reference 
evaluation methodology. Based on the building energy simulation 
test [99] program, the methodology uses, among others, an analytical 
verification to examine the reasons of difference between simulation 
tool results and the associated analytical solutions. 


5. Optimization's target and objective functions 
A building design optimization analysis has at least 4 steps: 


© Identification of the design variables and their relevant 
constraints. 

© Selection of a building performance simulation tool and crea- 
tion of a building model. 

© Selection of an appropriate objective function. 

© Selection of an appropriate optimization algorithm. 


In general, building designers seek to minimize either the 
building initial cost or the operating cost while in some cases, 
the life-cycle cost of the building and the environmental impact 
are used as well. The design variables of a design optimization 
problem usually describe the construction and the geometry of the 
building. Russel and Arlani [100] described thirteen investor 
motivations for starting a building project, test several objective 
functions and indicated the importance of selecting an objective 
function that is consistent with global investor objectives. 

Single and multi-objective studies can also be found in the 
literature. The multi-objective functions are usually treated as a 
weighted sum or a Pareto front result. For example, Adamski [3] 
optimized the shape of the building with a weighted sum objective 
function in order to get minimum construction cost and minimum 
heating energy. D'Cruz and Radford [5] presented a multi-criteria 
model of a parallelepiped open plan office regarding thermal load, 
daylight availability, planning efficiency and capital cost. Mela et al., 
in [101], presented an interesting study of six well-known multiple 
criteria decision-making methods (MCDM) for building design. The 


numerical study of their test problems indicates that in most cases, 
the methods provide different solutions. 

An objective function usually contains a part that is based on 
comfort criteria. For example, Magnier and Haghighat [24] 
searched for a Pareto front result of both thermal comfort and 
energy consumption. Thermal comfort was evaluated by the 
average absolute value of the predicted mean vote (PMV), based 
on Fanger's model|102] representing the most common comfort 
metric in literature. To ensure comfort levels during the year, they 
added a constraint parameter to act as a penalty term, based on 
the number of hours with IPMVI > 0.5. Asadi et al. [75] used a 
similar approach where one of the multiple objectives was the 
cumulative sum of discomfort hours (IPMVI > 0.7). PMV was also 
used by Griego et al. [55] to evaluate discomfort. Bouchlaghem in 
[46,47] tested six different objective functions based on custom 
comfort criteria. Stavrakakis et al. [12] evaluated four different 
comfort measures to optimize the design of window openings in 
naturally ventilated buildings. 

Another commonly used objective function is the one that is 
based on the results of a life-cycle analysis. Examples of such 
approaches are in [16,22,62,56,39,40,78]. In general, life-cycle 
costs take into account the initial investment costs plus the costs 
of operation, maintenance and repair, multiplied by a discount rate 
factor. An interesting multi-objective life-cycle approach is pro- 
posed by Wang et al. in [31,32] where the trade-off relationship 
between the life-cycle cost and environmental impacts is explored 
and an optimization framework is presented [103]. 

In more recent analyses, CO emissions are found as one of the 
objectives of the optimization study. Such examples are provided 
by Evins et al. [27] and Fesanghary et al. [40] who optimized low- 
emission and cost, using multi-objective algorithms. Rapone and 
Saro [38] searched for the configuration of a building façade that 
leads to the minimum amount of carbon emissions but at the same 
time, guarantees the desired ambient conditions in an office. 
A similar approach was used by Zemella et al. [88] for a building 
façade using a multi-objective function to identify the trade-off 
between the energy consumption for cooling and artificial lighting. 
Chantrelle et al. in [26], used both mono and multi-criteria 
optimization, using cost, thermal comfort, energy consumption 
and CO2 emissions as their objectives. Hamdy et al. [61] applied a 
multi-objective optimization approach to get Pareto solution of 
carbon dioxide equivalent (CO2-eq) emissions and the investment 
cost for a two-storey house and its HVAC system. 

The formulation of the objective function depends on the 
optimization target. Cao et al. [2] having a land use allocation 
target, tested different objectives based on the maximization 
of GDP, the minimization of conversion, the maximization of 
geological suitability, the maximization of ecological suitability, 
the maximization of accessibility, the minimization of NIMBY (Not 
In My BackYard) influence, the maximization of compactness and 
the maximization of compatibility. Castro-Lacouture et al. [8] used 
construction materials as design variables aiming to maximize 
LEED credits within design and budget constraints. Rakha and 
Nassar [18] developed an objective function based on ceiling 
daylight uniformity to find the optimized shape of the ceiling. 
Sambou et al. [30] adopted a GA to search for the Pareto front of 
the thermal insulation and the thermal inertia of a multilayered 
wall. Kampf et al. in [104,77] optimized building form for solar 
energy utilization while Oliveira Pando et al. [17] discussed the 
optimization of urban building energy efficiency potential by 
having high solar absorbptance in winter and as low as possible 
during summer. Michalek et al. [9] searched for the optimal 
architectural design layout by minimizing accessways, hallway, 
lighting, heating and cooling cost. The objectives used in the above 
mentioned cases reveal the diversity of the optimization targets in 
building design. 
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Usually, the typical building design optimization problem does 
not use any kind of constraints on the objective function. Only in 
some cases such as in [24], were quadratic penalty functions 
utilized to ensure that a set of comfort conditions was met. The 
design variables (continuous or discrete) usually have typical box 
constraints, with lower and upper bound. 

Discrete design variables usually with only two to ten different 
options are met, while the continuous ones are precision-constrained 
using more or less the same number of options. The larger the 
number of the design variables, the smaller the number of options 
each variable has, in an effort for the selected optimization algorithm 
to be converged within a couple of thousand simulations. Conse- 
quently, the processing time can be strongly affected by the antag- 
onistic balance between the number of variables and their options. 
For complicated optimization problems with large number of vari- 
ables/options, the use of a computer cluster might be beneficial [23]. 

Building design options include building geometry and con- 
struction while retrofit applications use only the construction 
options. Examples of typical design variables used are the orienta- 
tion and the shape of a building, wall dimensions, wall/roof thick- 
ness and materials, glazing type, window to wall ratio, building 
thermal mass and air tightness, light intensity, HVAC system size 
and its options and shading options. However, it seems that in most 
cases, expert knowledge can be used as an aid for the definition of a 
specific set of options. The number of options can be restricted by 
local building codes and/or the construction site, since the material 
cost and the experience of the local contractors are area-depended. 
In contrast to the real world constraints, the reviewed literature 
shows a larger diversity of solutions. Therefore it is evident that the 
selection of the appropriate design variables and objective function 
plays a crucial role in an optimization study. Choosing only discrete 
options (for example 3-5-8-10 cm for insulation thickness) will 
make the use of some direct search methods, unavailable. This can 
be avoided if they are carefully described as continuous variable 
with specific precision options. The use of constraint methods 
such as the death penalty method, which adds discontinuities to 
the objective function, is not very well suited to the direct search 
algorithms. 

Building designers are experts in their field and they are 
capable of delivering building solutions which fulfil various 
requirements without to need of optimization tools. However, this 
expert knowledge has a potential benefit for optimization: the 
reduction of the search space. Unfortunately, rules on the selection 
of the appropriate objective function and design variables could 
not be formulated using only the literature data. 


6. Results and discussion 


Most of the reviewed literature was explored using the Scien- 
ceDirect scientific database. The search through titles and 
abstracts using the keywords “Optimization AND Building”, 
resulted in 1585 papers till 2012. This number was reduced to 
300, after a selection based on the paper's titles. The examination 
of abstracts revealed that 66% of these papers focused on the 
optimization of building controls or structural design analysis and 
had to be filtered out. The final pool of reviewed work was 
enriched with additional papers using the references. 

In Fig. 2, the numbers of papers for specific keywords are 
presented. Therefore, judging by the number of building design 
optimization papers, it seems that this type of optimization 
techniques is still in its early stages. About 50% of the papers, for 
all keywords, have been published in the last 5 years, presenting a 
potential for a faster future integration of these techniques into the 
building design process. 
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Fig. 2. Number of papers for selected keyword searches in ScienceDirect for years 
1995-2012. 
Source: Prototype. 


These techniques have already been applied to building design in 
order to get better energy efficiency with lower investment cost and 
reduced environmental impact. Bambrook et al. [78] proved that it is 
possible to cost-effectively reduce the heating and cooling energy 
requirements of a new house in Sydney, by up to 94% compared with 
the legislated BASIX energy efficiency requirement for New South 
Wales. Griego et al. [55] achieved a minimum cost solution which 
resulted in nearly 52% annual energy savings for new homes in 
Salamanca, Mexico. Hasan et. al. [39] achieved a reduction of 23- 
49% in the space-heating energy of a Finnish house compared with 
their reference case. Ihm and Krarti [56] reduced the annual energy 
use by 50% compared to the current design practices for houses in 
Tunisia. The optimal configuration of the test cases by Kämpf et al. in 
[63] led to a reduction in primary energy consumption of up to 30%. 
Eisenhower et al. [69] achieved 45% annual energy reduction while 
simultaneously increasing thermal comfort by a factor of two, by 
applying their optimization method to a building. Anderson et al. [54] 
used the BEopt analysis method to reduce the total energy source 
usage by 60% in a Sacramento home. In all of the above mentioned 
cases, optimization techniques have been coupled with a whole 
building simulation engine. With such substantial energy efficiency 
improvements, it is obvious that the cost of an optimization study can 
be easily amortized by the energy and the investment cost savings 
especially in cases with large-sized buildings. As engineers become 
more and more familiar with such methods and optimization tools 
become more user-friendly, these techniques will be justified even for 
small-sized projects. 

A detailed building performance simulation will probably last a 
few seconds to a few minutes or even hours in a modern workstation 
depending on the complexity of the model (e.g. the number of 
thermal zones, building elements and simulation options) and the 
selected simulation engine. A typical optimization study will require a 
few hundred to several thousand evaluations until a good solution is 
reached, depending on the selected algorithm and the size of the 
solution space. The typical runtime for such studies is several hours. 
The use of a simpler or a surrogate model will definitely reduce 
runtime, but the time and expertise needed to build those models 
have to be taken into consideration. Consequently, it is probably faster 
to implement an optimization study on a detailed model, as this is 
expected to be available in the near future during the design process. 
In addition, this model can be useful for several other studies, such as 
building diagnostics and controls development. 


7. Future perspectives 


This paragraph summarizes the review results and provides 
future perspectives of optimization tools and procedures. The 
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specific research field is relatively new and possible future direc- 
tions have to be emphasized, so that new techniques and tools can 


be 


“1, 


realized. 


Optimization tools 
Possible characteristics of the future optimization tools can be: 


to provide many types of optimization algorithms including 
evolutionary algorithms, direct search methods and other 
methods that don't require calculation of function derivatives. 
The experienced engineer should be able to choose the appro- 
priate algorithm depending on the problem. Multi-objective 
capability should also be provided for multi-criteria optimiza- 
tion problems. 

to be able to perform parallel processing evaluations on the 
same computer by using modern processor multi-core tech- 
nology or to distribute the calculations to a cluster of compu- 
ters. Such ability will substantially improve the simulation 
runtime. The parallel processing should be able to include 
custom asynchronous operations of the algorithms, and as a 
result, advanced direct search methods can be utilized. 

to be able to include custom solutions into the initial population of 
an evolutionary algorithm directing the search to selected areas, 
thus improving efficiency using expert knowledge. 

to have the capability to search in a grid instead of the entire 
continuous space. This way the expected precision can be 
chosen and nearby solutions will be filtered as the same. 

to be able to pause, save the current state and continue at any 
other time from the same point (perhaps with a different 
configuration and an increased number of custom solutions in 
the evolutionary population). If the designer changes the 
search method for the same template model, to be able to 
include solutions which have already been calculated, in the 
new simulation. 

to use adaptive precision for the building performance simula- 
tions starting with coarse precision for the global search and 
using high precision for local search later on. Such an operation 
may improve runtime as Wetter and Polak in [66,67] indicate. 
to filter out duplicate function evaluations. 

to save the results in a database where code statements may be 
used to filter out different views of the results. 

to have a graphical user interface, presenting the 3D building 
model, associated with a particular solution. 

to be able to work with both discrete and continuous design 
variables. 

to include advanced constraints like penalty or barrier func- 
tions in both the design variables and the objective function. 
to include a library with common objective functions but to 
give the ability for custom-built functions as well. 

to provide the multi-disciplinary hierarchical optimization 
methodology. A building simulation program is capable of 
producing many different metrics for each simulation. This 
ability will enable the advanced users to come up with better 
results by using expert knowledge to build several multi- 
disciplinary targets. 

to have a library with simple geometry models and materials 
associated with cost and environmental impact properties. 

to create and train machine learning surrogate models. These 
models can be used for the optimization of a difficult problem 
with a huge size of search space. 

to import real measured data from a building (for example 
indoor/outdoor environmental data) and to use the optimiza- 
tion algorithms for calibrating the simulation model. This 
might be an easy task with a properly described objective 


function. The calibrated model can be further used for building 
diagnostics and control. 

è to couple with many different kinds of building performance 
software, including custom simple analytical models for initial 
estimations. It should be able to import established BIM 
architectural models and export thermal and structural models 
to multi-disciplinary software. 

è to communicate with building automation hardware interfaces 
in order to gather sensor data, activate actuators and do model 
self-calibration. 

e to perform sensitivity and uncertainty analysis in order to 
estimate the impact of each design variable. Such information 
can lead the optimization analysis to certain directions regard- 
ing the selection of the design variables and the search 
algorithm. It might be possible to use the optimization algo- 
rithm results to perform statistical analysis. 


7.2. Building performance programs 


Many of the building performance programs are capable of 
simulating various design alternatives together with their envir- 
onmental impacts and costs. Transferring information from archi- 
tectural models to building performance programs was made 
easier with the adoption of BIM (building information modeling) 
framework. Nevertheless, the coupling with optimization algo- 
rithms creates new challenges and some new requirements for 
these programs can be the following: 


e A building simulation requires initialization of the building state 
by running a “warming period” until convergence criteria are met. 
When daily simulations are considered instead of annual, this 
warming period requires a significant percentage of the total 
runtime. Such situations are usually met in simulation-based 
building control problems, but as stated before, these problems 
can go hand-in-hand with building design. The ability to save the 
building initialization state in a file will improve the optimization 
runtime and it's an essential requirement for building control 
optimization where small variability of the initial state can lead to 
significant different results. 

e The precision of the results must be easy to alter with the 
optimization tools using coarse precision when global search- 
ing as stated in previous section. 

e The provision of simulation methods which will ensure the 
smoothness of the objective function can have some benefits 
and offer an alternative approach to current simulation methods. 

© If the building simulation program has a multithreading ability, 
it should provide an option to deactivate it. As simulation 
programs are improving, multithreading is added to the calcu- 
lation process in several places inside their code. These improve 
the runtime of each simulation but they cannot utilize all the 
computer cores at all runtime. On the contrary, evolutionary 
algorithms can successfully utilize all the processor cores 
distributing simulations to different threads. When each indi- 
vidual simulation runs in more than one thread, it would 
probably collide with a simulation running, in parallel, in 
another thread, resulting in worse performance 

© Optimization tools are usually coupled to building performance 
programs via text input and output files, causing a lot of hard 
drive traffic. Special external program interfaces for coupling 
with optimization tools are worth implementing to improve 
the performance. 


7.3. Building design process 


Building design processes have changed considerably over the 
years. Starting with paper plans, they moved into computer-aided 
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Incorporating Optimization Methods In Building Design Process 
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Fig. 3. A building design framework using optimization methods as a decision aid. 
Simulation runtime guess is based on the performance of a modern multi-core 
workstation. 

Source: Prototype. 


design. This gave the opportunity to transfer information to other 
decision-aid tools, marking the onset of building performance 
tools use. Nowadays, as these tools have matured, optimization 
techniques began to be incorporated into the design process 
offering the examination of alternative solutions which can be 
easily reviewed. 

This review shows that optimization techniques, both in early 
and late building design stages, are already being used and that 
future building design workflows are expected to include such 
optimization procedures more frequently. A proposal of a future 
building design process that incorporates optimization techniques 
is presented in Fig. 3. 


8. Conclusions 


This paper provides an overview of the latest research devel- 
opments concerning the use of optimization methods for building 
design. The first conclusion of this review is that the number of 
research papers that use these methods to optimize building 
design, is still small compared to the number of papers regarding 
the optimization of building control. A possible explanation is that 
the whole building simulation study became popular only in the 
last decade. Optimization tools coupled to a whole building 
simulation program exist and they are ready to be used. Additional 
conclusions are summarized below: 


e An optimization study using a whole building simulation 
program is computationally very expensive, thus making the 
selection of an efficient algorithm quite critical. 

© Evolutionary algorithms and direct search methods have been 
successfully coupled with building performance programs. 
Direct search methods can be very efficient if the objective 
function doesn't have large discontinuities, otherwise it can fail 
or got trapped in local minima. A good approach is to use an 
evolutionary algorithm for global search and a direct search to 
refine the solution. 


© Optimization methods are mainly used in the preliminary 
design phase of a new building or for building retrofit. 

© As Heiselberg et al. [70] and Mechri et al. [71] suggested, if a 
methodology of sensitivity analysis is applied in the early 
stages, it is possible to identify the most important parameters 
in relation to building performance. 

è Expert judgment can be used to simplify the optimization 
problem and reduce the size of the solution search space. 

© As Rapone and Saro [38] indicate, optimization algorithms have 
proven to be fairly efficient in finding the single solution to a 
problem. However, providing a diversity of solutions within a 
satisfactory level of performance would be beneficial for the 
decision process. When exploring the results, interesting design 
alternatives with very similar performance may be found. 

@ Whole building simulation is non-linear and it probably 
includes discontinuities in the results. The available algorithms 
for such problems cannot ensure that the true optimal solution 
will be found. 

© The typical building performance improvements due to the use 
of an optimization analysis indicate that the cost of this analysis 
can be amortized by energy and investment cost savings. 

è The environmental impact, the initial cost investment, the 
operational cost and comfort criteria are usually the targets of 
an optimization study. Construction materials, building geome- 
try and orientation, HVAC system design and shading options 
are the typical design variables. 


This work will conclude with a paragraph of Peippo et al. [42] 
which we agree with: “optimization procedures do not remove the 
fundamental subjective and creative nature of building design, 
often difficult to quantify. Nor are they likely to materialize in 
novel innovations: in the end, they only reflect the state-of-the-art 
of readily quantifiable design options. Nevertheless, they should 
help the building designer and policy maker to come up with 
sound design solutions with the existing technologies, and conse- 
quently contribute to preserving the integrity of low energy 
building design practice.” 
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